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Abstract

We present Language-Image Value learning
(LIV), a unified objective for vision-language rep-
resentation and reward learning from action-free
videos with text annotations. Exploiting a novel
connection between dual reinforcement learning
and mutual information contrastive learning, the
LIV objective trains a multi-modal representation
that implicitly encodes a universal value function
for tasks specified as language or image goals.
We use LIV to pre-train the first control-centric
vision-language representation from large human
video datasets such as EpicKitchen. Given only
a language or image goal, the pre-trained LIV
model can assign dense rewards to each frame in
videos of unseen robots or humans attempting that
task in unseen environments. Further, when some
target domain-specific data is available, the same
objective can be used to fine-tune and improve
LIV and even other pre-trained representations
for robotic control and reward specification in that
domain. In our experiments on several simulated
and real-world robot environments, LIV models
consistently outperform the best prior input state
representations for imitation learning, as well as
reward specification methods for policy synthe-
sis. Our results validate the advantages of joint
vision-language representation and reward learn-
ing within the unified, compact LIV framework.
Project website: penn-pal-lab.github.io/LIV

1. Introduction

What are the key machine learning challenges in building
a general-purpose robot? Consider a home robot for non-
expert end users. Such a robot must acquire common-sense
knowledge applicable to generic homes, permitting it to
operate from visual observations with some minimal profi-
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ciency right off the shelf. Then, it must be able to quickly
and robustly adapt to the specifics of the user’s home, con-
ditioning its language understanding in the particular visual
context of its new habitat. Finally, it must be able to au-
tonomously learn arbitrary new skills specified by its user,
most naturally in plain language.

Motivated by such considerations, we identify three key
desiderata for control-aware vision-language representa-
tions. The first two deal with qualities of the trained repre-
sentation: (1) It must align the two modalities to permit
grounding language specifications for effective task repre-
sentation, and (2) It must capture task-directed progress
grounded in language to supply intermediate learning sig-
nals for autonomous skill acquisition. The last desider-
atum is concerned with how these control-aware VLMs
must be trained. Language grounding is commonly context-
dependent, so effective representations must be domain-
aware. On the flip side, domain-specific data is typically
expensive to collect and therefore scarce in robotics settings,
making any domain-specific fine-tuning of large models
challenging. Our third criterion for our vision-language rep-
resentation then is that: (3) It must permit both extensive
domain-generic pre-training as well as domain-specific
fine-tuning on small datasets.

To achieve all three criteria, we propose Language-Image
Value Learning (LIV), a unified objective for joint vision-
language representation and reward learning. LIV can flex-
ibly pre-train representations on arbitrary video activity
datasets with text annotations, even including purely ob-
servational datasets of human activity, for which there are
several large and conveniently available options (Damen
et al., 2018; Grauman et al., 2022; Goyal et al., 2017). Af-
terwards, the very same objective can be used to fine-tune
those representations on small datasets of in-domain robot
data, to overcome domain gaps and ground language in
context-specific ways.

At a technical level, LIV builds on our prior work Value-
Implicit Pre-Training (VIP) (Ma et al., 2022b), a self-
supervised approach for learning visual goal-conditioned
value functions and representations from videos, general-
izing it to learning multi-modal, vision-language values
and representations from language-aligned videos, as de-
scribed above. Interestingly, we show that LIV is a more
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Figure 1.Language-lmage Value Learning (LIV) for vision-language reward and representation learning. Using the same objective
for pre-training and ne-tuning, LIV induces a cross-modal embedding with both temporal coherence and semantic alignment. LIV's
multi-modal value representations enable diverse visuomotor control applications.

general variation of the well-known mutual-information pre-training. Likewise, Nair et al. (2022b) uses a language
based image-text contrastive representation learning objealignment loss (Nair et al., 2022a) with respect to a xed
tive, as used in CLIP (Radford et al., 2021); this observatiodanguage encoder (Sanh et al., 2019) to shape the visual
simpli es LIV's practical implementation to a simple yet representation temporally, but the learned representation
principled combination of the VIP and CLIP objectives; seeitself is still uni-modal. In this context, our work is the rst
Figure 1 for an overview of LIV. to propose a multi-modal vision-language objective that is
as'imultaneously suitable for pre-training, ne-tuning, and

We perform extensive experimental evaluations on sever . - .
reward-learning for language-conditioned robotic control.

simulated andeal-world household robotic manipulation
settings. Our experiments evaluate LIV vision-language-ine-Tuning Pre-Trained Representations. Several re-
representations not only in their capacity as input state regent works study how to adapt pre-trained representations
resentations for language-conditioned behavior cloning ofor downstream tasks (Kumar et al., 2022; Wortsman et al.,
task policies, but also to directly ground language-base@022; llharco et al., 2022; Lee et al., 2022; Kirichenko et al.,
task speci cations into visual state-based rewards for robo2022; Goyal et al., 2022; Dong et al., 2022), motivated by
trajectory optimization, thereby stress-testing alignmenthe emergence of large pre-trained models (Radford et al.,
across modalities. In many cases, the pre-trained LIV modeR021; Brown et al., 2020) capable of zero-shot transfer.
without ever seeing robots in its pre-training human videoMost closely related to our work are a few concurrent works
dataset, camero-shoproduce dense language-conditionedthat nd using the CLIP objective to ne-tune CLIP is more
reward on unseen robot videos. Along another axis okffective than alternative ne-tuning approaches (Goyal
evaluation, we assess both the “generic” representationst al., 2022; Dong et al., 2022). However, in the setting
pre-trained on large human video datasets as well as thef vision-language robotic control, we nd CLIP to be a
specialized representations ne-tuned on in-domain robosub-optimal ne-tuning choice, even for the original CLIP
data. Our results comparing to several representative recemodel itself, due to the static image-text alignment nature
works from the three distinct categories of pre-training, ne-of the CLIP objective that ignores the temporal structure
tuning, and reward learning, con rm the advantages of than video data and discards non-goal frames in videos when
LIV objective for joint vision-language representation and ne-tuning image-level visual representation. In contrast,

reward learning for control. LIV induces a natural synergy between VIP and CLIP that
does not require any hyperparameter tuning and can ne-
2. Related Work tuning various pre-trained vision-language representations

for downstream robotic control.

Pre-trained Representations for Control. Our work is L anguage-Conditioned Robotic Manipulation. There

related to the literature on pre-training representations foﬁas been a surge of interest in language-conditioned vision-

control (Shah & Kumar, 2021; Cui et al., 2022; Parisi et al"based robotic manipulation systems (Lynch & Sermanet
2022; Nair et al., 2022b; Xiao et al., 2022; Ma et al., 2022b: > manip >y yneh ’
) ; 020; Steppulttis et al., 2020; Ahn et al., 2022; Jang et al.,
Fan et al., 2022; Majumdar et al., 2023). These works al ! ) . ]
seek to use pre-existing data, typically out-of-domain, to 022; Lynch et al., 2022; Shridhar et al., 2022a; Brohan
) USE pre g data, typically ' Y%t al.,, 2022; Shridhar et al., 2022b; Guhur et al., 2022
pre-train effective representations for downstream unsee

robotic tasks. Conceptually, VIP (Ma et al., 2022b) is clos—Elu etal,, 2022; Mees etal,, 2022b). While several works

est to LIV in learning an implicit value function as joint have considered policy learning on top of pre-trained vision-

reward and representation, but VIP focuses only on visuallangu"jIge representations (Shridhar etal., 2022a; Liu etal,,
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2022; Mees et al., 2022a), they do not consider how a bettesf the video, and' is the textual annotation associated
representation can be learned in the rst place by levemwith v, describing the video outcome gh. As the video
aging large-scale out-of-domain text-annotated video dataataset can be out-of-domain with respect to our robot agent
Our work is the rst to study how to pre-train new control- (e.g., human videos), we do not assume access to action
centric vision-language representations that surpass existiigbels. Datasets of this nature, such as human daily activity
representations such as CLIP for language-conditioned wAdeos (Damen et al., 2018; Miech et al., 2019; Grauman
suomotor robotic control tasks. et al., 2022), are readily available for research use. A pre-
training algorithmA ingests this training data and outputs

Further, our solution, LIV, also affords exibility in pol- vision-language encodegs ) := A(D), where the vision
icy synthesis algorithms. Most existing works in this area guag N . '

.pH W 3 K
focus on language-conditioned behavior cloning (LCBC)en_COder K R S R" and the Ianguagg encoder
) . 2 L ! R",wherelL is the space of natural strings, each
(Lynch & Sermanet, 2020; Stepputtis et al., 2020). This . ) o
. : . map to the samK -dimensional vision-language represen-
paradigm demands the expensive collection and text label- .
; . ; tation space.
ing of demonstration data, which can take months to com-
plete (Jang et al., 2022; Lynch et al., 2022; Brohan et al A standard way to learn a vision-language representation is
2022). In contrast, not only is LIV an effective pre-trained by learning a cross-modal joint-embedding (LeCun, 2022)
representation for LCBC, it can also be used as a languagthat aligns the modalities via contrastive learning. Speci -
conditioned visual reward model that supports autonomousally, the two modalities are semantically aligned by mini-
skill acquisition via reinforcement learning (Goyal et al., mizing the InfoNCE objective (Oord et al., 2018):
2021; Nair et al., 2022a; Mahmoudieh et al., 2022). Our eS( (o) (1)
experiments show that LIV outperforms prior state-of-art Linfonce(; ) = Epeory 109 Eo(y € % ) ?
)

language-conditioned reward models (Nair et al., 2022a;b) 3)

in model-based planning settings. whereS is a choice of similarity metric. Intuitively, this
objective aims to attract the representations of matching
image-text pairgo; l), while repelling mismatching pairs.
In this section, we review the VIP algorithm and describeMany state-of-art vision-language models (Radford et al.,
our problem setting. 2021; Jiaetal., 2021; Li et al., 2022) train with this InfoNCE

. - objective at scale to deliver strong zero-shot performance
Value Implicit Pre-Training (VIP). VIP (Ma et al., 2022hb) J g P

. o . . on a myriad of vision-language tasks.
learns the optimal goal-conditioned value function via the
dual goal-conditioned RL formulation (Ma et al., 2022a;c):4. LIV: Language-Image Value Learning

L) = Bl )E g9 [S ( (0); (9))] 4.1. Algorithm

*10g E(oo0g) o €xp S( (0); (9)+1 S( (9 (g)()l) I we begin by extending the VIP framework to multi-modal
. o - . goal speci cations. This is straightforward given the goal-
where ¢(0;Q0) is the distribution of initial frame condi- ?:onditi%ned nature of Eq1), sinc?e we can si?nply replgce

t|on§$_ on (tjhg. gto_zgl tf.ramgf etmd D(0; g)_ IS _thte goa:jll— i encoded image goal(g) with encoded text goal(l) and
conditioned distribution of two successive intermedia eoptimize for amulti-modalVIP objective:

frames. In VIP, the value function is implicitly parame-
terized as a similarity metric (e.d., distance) intheem- L(: )=

bedding spac¥ (0;9) := S( (0); (9)), making it both  + Epy[(1  )E oS ( (0): (9))]
a.reprt_asentation learning and a reward learning aIgori'Fhm..|og Eoo%g o €xp S( (0); (g)+1 S( (6%): (g) f
Since it does not depend on actions, VIP can be pre-trainedi {z

on large-scale human video datasets. The resulting implicit
value function serves the dual purposes of (1) visual repre* Bon[ B o [S ( (0 ()

sentation for unseen robot tasks, and (2) goal-conditione(]t log E(o001) b €Xp S( (0){'7 M+1  s( (% () }]
dense reward speci cation. In particular, given a ggal ViPL

VIP assigns a potential-based reward at each time 4)

3. Preliminaries & Problem Setting

VIP-I

R(0;01;0) == S( (01 ); (@) S ( (o); (g) (2) Asshown, this objective consists of two independent.com—
ponents; VIP-I (Image) encourages the representation to

- . - encode aimagegoal-conditioned value function, and like-
Vision-Language Representation Pre-Training for Con- wise, VIP-L (Language) folanguagegoal
trol. We assume access to a dataset of Ianguage-annotatecf ' guag guagegoal.
videosD = fv; = (0};=5d;1)dY, , where eaclo 2 At rst glance, this objective does not appear to be directly
O := R" W 3isaraw RGB imageg the last frame optimizing for semantic alignment between goals in the
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two modalities, as the respective modality-speci ¢ VIP ob- ne-tune the pre-trained CLIP model is far more effective
jectives are independently optimized. Without alignmentthan using the CLIP objective. CLIP ne-tuning aligns the
semantically equivalent goals in the respective modalityjast frame in the video to its text description but fails to
may actually be distant in the representation space. This ieverage earlier frames from the same video sequence.
undesirable for reward speci cation, which requires visual

grounding of linguistic task descriptions. Intriguingly, in 4.3. Implementation

the next section, we show that such semantic alignment is ) o
in fact automatically achieved from optimizing Eq. (4). Based on the analysis above, we see that, despite initial
appearances, E¢4) does in fact naturally induce semantic

alignment between visual and language goals. In particular,
it is implicitly optimizing for a pathway that connects the
Now, we show that Eq4) in fact naturally optimizes seman- two modalities via mutual information maximization. Given

tic alignment between multi-modal goals with a simple datathis pathway that makes goals interchangeable across modal-
augmentation applied to the training videos. Speci cally,ities, the nal LIV objective optimizes the VIP objective in

if we were to consider degeneratalistribution of videos, just one modality in conjunction with the vision-language
i.e., videos consisting of solely static text-aligned framednfoNCE objective in Eq(5), which we nd to be a simple

v =(( 0;0);1), we recover InNfoNCE from VIP-L: yet effective objective:

4.2. Theoretical Analysis

Proposition 1. Let the video distribution consist of solely Lav(: )=

degenerate videos of repeated frames that align with the E ' 1 E IS .

text annotationD := fv := (( g;g))g. Then, the VIP-L rolll - IE 0[S (_O)’ (@) _
objective is equivalent to the InfoNCE objective up to a|+'°9 E(ootg) o €xp S( (0){2 @+1  SC () (q) f

constant: VIP-I
c | Q1S @y ()
. _ (1 )SC (g9) (1) . + | Og . :
Lvier(; )= Epgny  log ED(;))[e(l 1SC W% ] +1; | Plot) ED(g{"%[e(l )SC (9% (]
(5) InfoNCE
wherep(g; I) is the distribution of goal frame and text pair. (6)

We use a -weighted cosine similarity metric for
The proof is in Appendix A. This result, though simpleto S( (); ()):= %CS( (); ()) soitrepresents avalid
derive, has several important implications. First, note thavalue function. Pseudocode is presented in Algorithm 1. In
Eq.(5) is precisely what CLIP (Radford et al., 2021) opti- each gradient step, a minibatch of video sub-clip consist-
mizes (Eq(3), modulo the constant factor) by contrastively ing of initial, intermediate, and nal frames are sampled
learning similarity between matching image-text pairs. Thealong with the corresponding text annotations. These sam-
fact that this objective can be obtained by optimizing VIP-L ples are used to estimate the VIP-I and InfoNCE losses,
with a degenerate video distribution suggests that VIP-lwhich then update the vision-language architecture via back-
is a natural generalization of the InfoNCE objective to thepropagation.

decision making setting, where the data is temporal. In prag- Pre-Trainin We have shown above that the LIV
tice, as we will show, this degenerate video distribution can 9.

o ; ; "y bjective subsumes CLIP-style contrastive objectives. In
be trivially obtained by augmenting any existing annotate . :
: . : implementing LIV, we stay close to CLIP architecture and
video in the dataset by repeating the last frame.

design choices to allow fair comparison to pre-trained CLIP
This nding also directly suggests a method foe-tuning  with ResNet50 (He et al., 2016) vision backbone. Ini-
pre-trained contrastive vision-language models (e.g., CLIP)ialized with CLIP weights, we pre-train LIV on EpicK-
for control: use LIV on in-domain labeled videos such asitchen (Damen et al., 2018), a text-annotated ego-centric
text-annotated robot demonstrations. Several concurrernideo dataset of humans completing tasks in diverse house-
works (Goyal et al., 2022; Dong et al., 2022) have suggestetiold kitchens; this dataset consists of 90k video segments,
that ne-tuning a pre-trained model using the same objectivaotalling 20M frames and 20k unique text annotations, and
(in particular, using CLIP objective to ne-tune CLIP model) offers diverse camera views and action-centric videos, mak-
can be more effective than ne-tuning using the downstreaming it an ideal choice for vision-language pre-training. See
task objective. When working with CLIP-like pre-trained Appendix B for more pre-training details.

contrastive joint-embeddings, it is then natural to ne-tune

them for contrpl with the LIV objectiye, which is_ but a 5. Experiments

natural extension of CLIP that exploits sequential, goal-

directed video data. Our experiments aim to answer the following questions:

As we show in our experiments, using the LIV objective to 1. Can LIV produce multi-modal goal-directed rewards?

4



LIV: Language-lmage Value Learning

Algorithm 1 Language-lmage Value Learning (LIV)

1: Require: Of ine text-annotated (human) vided = f (o};::;;g";1")g\; , vision-language architectute )
2: for number of training iterationdo

3:  Sample sub- trajectglést,::"ok,okﬂ,::"g g2, 3 [L;hy 1]t k<h;;8i
B . : . .
4 Lvea( )= g i, S ( () (@) +log g exp S( (0); (@)+1  S( (G )i (9))
5 Luonce(s )= 1T " log P - eils( ()gs;v (;;';) )
B =1

6: Update(; )usingSGD{(; ) (; ) r (Lviea( )+ Luinfonce(; )
7: end for

(a) open cabinet (Human) (b) open microwave (Human)

(c) close the fridge (Robot) (d) put the hat on the bottle (Robot)

Figure 2.LIV Zero-Shot Multi-Modal Cost on Unseen Human and Robot Videos. The y-axis is the real-valued negative cosine
similarities computed in the LIV embedding space.

2. Does pre-trained LIV enable effective vision-language5.1. Pre-Trained LIV as Zero-Shot Reward
representations for control?

3. Can LIV successfully ne-tune pre-existing vision-
language models?

Recall that LIV objective encourages similarities in the
embedding space to encode multi-modal goal-conditioned
value functions. Intuitively, on videos depicting direct
To assess LIV's reward learning capability, we assesgrogress towards a goal, the distances (negative cosine simi-
whether the pre-trained LIV can zero-shot provide multidarities S ( (0); (g)) or S ( (0); (l))) between video
modal rewards for unseen text-annotated human and robétameso and image or language goa@®r |, should steadily
videos (Section 5.1) and use its reward function for modelfall over time, re ecting progression towards those goals.
based planning to solve language-speci ed tasks (Se®efore using the embeddings for policy learning, we there-
tion 5.5). We evaluate LIV's effectiveness for pre-training fore rst ask: to what extent does LIV pre-training achieve
(Section 5.3) and ne-tuning (Section 5.4) by using the re-+his property, and does it hold on new, unseen domains with
sulting representations as the vision-language backbone bots? For unseen, goal-directed human videos from the
language-conditioned imitation learning (LCBC) in both test split of EpicKitchen, Figure 2 (a&b) plot frame dis-
simulations and a real robot platform. LIV model and train-tances from image and language goals, validating that this
ing code are released: github.com/penn-pal-lab/LIV. Ouiproperty indeed holds within the training distribution. How-
qualitative results, including animated reward curves ancaver, to use LIV for training robots, we are interested in
real-robot videos, are best viewed on our project websitgyeneralization to robot videos. This is challenging, since
penn-pal-lab.github.io/LIV these pre-trained LIV models have never encountered any
robot data. Yet, as Figure 2 (c&d) show, LIV embedding
distances are still informative of task progress, indicating
transferability to unseen viewpoints and embodiments. In-
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